ABSTRACT Two nodes with similar social behavior mean that they contact each other frequently. Therefore, forwarding packets to them can efficiently improve the performance of routing algorithms in mobile opportunistic networks (MONs). Previous works use different factors to evaluate the similarity between nodes. However, they neglect the importance of nodes, which has a big influence on the system performance. How to use social importance to compute node similarity is still an open issue in MONs. This paper proposes SSR, a social similarity-based routing algorithm combining the context of social importance. First, nodes record the social importance of encounters in their buffer. Second, whenever two nodes are in contact, a dynamic time warping algorithm is used to determine the similarity of the two nodes' social importance sequences. The more similar the two sequences are, the more similar the social behavior of the two nodes is. Finally, the packet is always forwarded to the relay node with the most similar social behavior to the destination node to ensure the delivery efficiency. The simulation results show that compared with the traditional social routing algorithm, SSR significantly improves the packet delivery rate and reduces the delivery delay, cost, and hops.
A flooding diffusion [3] is a general way to forward packets. This method spreads copies of the packets in the network (whenever two nodes meet, they will exchange their packets with each other) and then delivers the packets to the destination node when they meet it. This algorithm does not require complex routing decisions and achieves the best packet delivery rate and delivery delay. At the same time, there are more packets copies in the network, and the transmission cost is therefore high. Since more devices are carried by people or vehicles, the social behavior of devices has a strong influence on the routing performance [4] . Researchers have proposed smarter ways to improve the high cost issue of flooding, including routing algorithms that use the similarity between nodes to assist in data forwarding [5] [6] [7] [8] [9] . Most of them use the social attributes of nodes (such as nationality, city, language) to guide route forwarding, and if the nodes have more common features, they will contact more often [10] , [11] . However, current works do not take the social importance of nodes into account when they evaluate node similarity, neglecting the fact that the social importance of nodes plays a big role in the performance of opportunistic routing algorithms.
Considering this fact, this paper proposes SSR, a distributed social similarity-based routing algorithm. First, the node records the social importance of other nodes it contacts, and makes this social importance sequence as a reference for the social behavior of the node. Second, whenever the two nodes are in contact, dynamic time warping (DTW) is used to determine the similarity between the two nodes' contact sequences. If two nodes have a higher similarity value, they have a high probability of visiting the similar nodes. Finally, when the packet needs to transmit, it is always forwarded to the relay node which has the most similarity with the destination node. We summarize our contributions as follows.
• We propose an idea of using socially important sequences as a characteristic to evaluate node similarity.
• We use dynamic time warping technology to bend the distance between the two social sequence.
• We compare the proposed algorithm with the classic opportunistic routing algorithms PRoPHET, SimBet, and Geo-Social. The experimental results show that SSR has better performance in terms of delivery rate, delay, cost, and hop count than do PRoPHET, SimBet and Geo Social. The rest of this paper is organized as follows. We first review related works in Section 2. In Section 3, we describe in detail the design of the routing algorithm. In Section 4, we implement simulation experiments and analyze the experimental results. Finally, we conclude this paper and give a short discussion on future issues in Section 5.
II. RELATED WORKS
The use of auxiliary information to assist data forwarding is an effective way to improve the system performance [12] , [13] . According to the category of auxiliary information, the current social-based opportunistic routing algorithm can be divided into three types: based on social importance, based on similarity and based on social importance and similarity mixed information.
Social importance-based routing algorithms: The social importance of a node mainly refers to the centrality of nodes in the network. Zhou et al. [14] first introduce a new centrality metric named cumulative neighboring relationship. Then, a time-ordered aggregation model [15] is proposed to transform a dynamic network to a series of time-ordered scenarios. Literature [16] presents a social activity and physical contact-based routing algorithm. A new modelling method for describing a dynamic evolving process of the topology structure is first proposed. Then a multi-copy spreading strategy based on the social activity degree of nodes and a single-copy forwarding strategy based on the physical contact factor between nodes are designed. Ying et al. [17] consider the location visitation history and the social features of a mobile user, and propose several new Geo Social metrics which reflect the location and social relationships among users. A good relay will be chosen from multiple candidates if it has a higher social position and a closer distance to the destination node. The routing algorithm BUBBLE [18] divides nodes into different cliques and determines the transmission of packets according to the centrality of nodes and the communities in which the nodes are located. The PeopleRank scheme [19] portrays the opportunistic network as a social graph and calculates the centrality of nodes with pagerank algorithm [20] .
Similarity-based routing algorithms: similarity is a metric to measure whether the social behavior between two nodes is similar. The similarity between two nodes is evaluated by different contexts such as the contact time, places, node properties, etc. [21] , [22] . PRoPHET [23] makes routing decisions based on the probability of contact between nodes. When two nodes come into contact, their contact probability correspondingly increases. When two nodes do not come into contact after a period of time, their contact probability drops. In the literature [24] , Chen and Shen assume that the users' friend relationship is stable. Thus, they proposed a routing algorithm based on the users social graph. Jang et al. [5] use a fuzzy reasoning method to compute the similarity and guide the routing decisions. MobySpace [6] calculates the similarity with the contact locations of two nodes. The authors use four distance functions including the Euclidean, Canberra, Cosine Angle Separation and Matching Distance. If there is a similar movement pattern between the node and its destination, then it is ideal for carrying packets. In addition, Mei et al. [8] propose a socially aware stateless route, where the interests of nodes was used as a context to evaluate their similarity.
Centrality and Similarity based routing algorithms: Literature [7] uses the contact information of neighbors to estimate the social importance and similarity of nodes, and then combines them into a unified SimBet measurement. When two nodes meet, they need to exchange their respective knowledge, calculate the social importance and similarity, and then transmit the packet to a node with a higher utility value. Jia and Chen [25] propose a routing algorithm called sensor communication area node extend (SCANE), which aims to select social nodes to recombine communication areas. This algorithm also enables information to be transmitted from the source node to the destination node quickly. In our previous work [9] , we proposed a routing protocol using HOTspotENTropy (Hotent) information. By transforming the forwarding metrics problem into a similarity matching problem, Hotent effectively reduces the high space-time complexity caused by traditional social network analysis techniques. It first uses the relative entropy between public and personal hotspots to assess the user's centrality. Second, it uses the inverse symmetric entropy of the personal hotspots of the two users to assess their similarity. Third, it uses the law of universal gravitation to integrate two social indicators. VOLUME 7, 2019 Finally, it describes the user's personality with information encoded in personal hotspots.
Summing up the findings, the above works do not consider the social importance when calculating similarity, whereas, the social importance of the node has a great effect on improving data forwarding. Although the SimBet uses the social importance and similarity, it fuses the two route indicators into one new route indicator as the Hotent does. On the contrary, SSR uses one route indicator (i.e., the social importance) to calculate another route indicator (i.e., the similarity), instead of fusing them. This is the difference between this work and the related works. 
III. DESIGN OF THE ROUTING ALGORITHM A. NETWORK MODEL
Assume that the mobile opportunistic network is represented by G(V ), which is composed of n mobile nodes in a fixedrange network area, where V represents a set of mobile nodes. When two nodes move within communication range of each other, the two nodes are considered to be in contact with each other, and they can exchange the auxiliary information. Each node will randomly request packets, and the packet also has its own random destination node. The following gives the forwarding process of one packet in MONs. As shown in Fig.1 , suppose that node a carries a packet destined for node b. At time t1, node a and node b are not in communication range. Therefore, a cannot directly send the packet to b. Whereas, it can send the packet to node c since they are the neighbors. At time t2, when c meets the destination node b, c sends the packet to b. At this point, the packet arrives at the destination. The above situation shows a forwarding path within two hops. In fact, the packet may experience multiple hops before it reaches the destination. In addition, we assume that the opportunistic network has the following attributes:
(a) Each node has a buffer that stores packets and auxiliary information. Since this article mainly evaluates the performance of the routing algorithm, we assume the buffer capacity of each node to be infinite.
(b) The mobility of nodes is independent, different nodes have different contact rates, and the contact rate between nodes is only related to the mode of movement of the nodes.
(c) All the links have the same bandwidth.
B. SOCIAL SIMILARITY BETWEEN NODES
People in social networks are often exposed to those they are familiar with. For example, students tend to contact classmates and company employees tend to contact colleagues [26] . These phenomena reflect the social behavior of the node. That is, nodes will tend to contact other nodes with a certain type of similar social characteristics. The social behavior of nodes plays an important role in the peopleoriented MONs. If one can make full use of it, the efficiency of data packet forwarding will be greatly improved. In this paper, the social characteristic of a node is represented by the centrality of the node in the network, and each node maintains a sequence for preserving the social importance of the nodes it contacts. When contacting other nodes, the node will record their social importance in the sequence. The detailed steps are shown in Fig. 2 , in which node a contacts five different nodes at different moments. At moment t1, it contacts b, and a preserves the center degree 67 of b in its sequence. At moment t2, a buffers the social importance 45 of c. Until t5, the social importance of all the nodes is recorded in a's sequence. Due to the high mobility of nodes in the mobile opportunistic network, the social importance of the nodes is not fixed but changes to some extent over time. To reflect this dynamics, each element in the sequence holds a time-tolive (TTL). When the TTL of an element in the sequence is exhausted, the element is deleted. The above operation can prevent the node from carrying the older social importance, and thus assure a timely update on the similarity.
The purpose of making a node record the social importance of encounters is to observe the different contact behaviors among nodes. For example, teachers and students have different degrees of social importance. Different types of employees in a company also have different social importance. In other words, can we use social importance to classify nodes? Recall that the centrality sequence stored in the node reflects the fact that the node tends to contact which type of nodes. That is, if two nodes have the similar/same contact sequence, which, on the one hand, indicates that they are more similar, on the other hand, we can classify the nodes in the two similar/same contact sequences into a group. As shown in Fig. 3 , We assume that nodes a, b and g frequently encounter nodes c, d, e, and f . In this case, if node a carries a packet and the node g is the destination, the node a can forward the packet to any of c, d, e, and f , thereby improving routing efficiency. Follow this line, we can classify nodes c, d, e, and f into a group, even if the four nodes have not a high similarity with each other.
C. SOCIAL IMPORTANCE OF A NODE
Social importance of nodes is one of the important references for describing the social characteristics of nodes, which often refers to the influence power of nodes in the network, and in this paper, we use the centrality metric in social analysis technology to evaluate the social importance of nodes. Generally speaking, different nodes have different degrees of social importance due to their mobility, interests or professional factors. For example, compared to students, teachers have a higher degree of social importance, and the sales staff in the company have more social importance than other staffs because the former contact more people. There are many ways to calculate social importance, among them, PeopleRank [19] is a classical opportunistic routing algorithm integrating the social importance of nodes. The detailed calculation process is as follows.
PeopleRank regards the opportunistic network as an undirected graph. The nodes in the diagram represent users in the social network, and the contacts between nodes represent their social relationships. For any node a ∈ V in the opportunistic network G(V ), its social importance is represented by PR(a). The core idea of the algorithm is that the more nodes that have a social relationship with a, the higher PR(a) is. At the same time, the higher the social importance of the nodes that have a social relationship with a, the higher the PR(a). Fig. 4 shows the social relationships among the 5 nodes at a certain moment. For node a, according to the core idea of the PeopleRank algorithm, we can obtain PR(a) = PR(e) + PR(c). The significance of this equation is that the social importance of node a is just equal to the sum of the centrality of all its neighbors. However, in some cases, it may not be reasonable. For example, PR(a) > PR(e) according to the above equation, whereas, in fact, a is a node with a low centrality and e is a node with a higher centrality. Therefore, it is reasonable that if the socially lower node a has a social relationship with the socially higher node e, the PR(a) has a relative increase, but it does not rise to the same or higher of PR(e). 
Including all of the neighbors, the centrality of the node a is as follows:
Recall that in mobile opportunistic networks, the link between two nodes is intermittently connected, so the number of neighbors changes frequently. Using this method, the dynamics of neighbors can be reflected in Eq. (1).
Lines 1-3 of the algorithm detect whether nodes a and b are in contact. Lines 5-8 of the algorithm calculate the number of nodes that have a social relationship with b. Lines 10-14 of the algorithm calculate the centrality of a according to equation (1) and exit the loop, ending the algorithm.
D. DYNAMIC TIME WARPING
Euclidean distance, a widely used distance measurement, was introduced into the calculation of time series distance [27] . For a given length n of the time series x and y, the Euclidean distance is calculated as shown in equation (2):
The smaller the value of d (x, y) is, the higher the similarity of the two sequences is, and vice versa. Euclidean distance VOLUME 7, 2019 Algorithm 1 PeopleRank Computing Node Social Importance Process 1: for a ∈ V do 2: for b ∈ V do 3: if a and b are connected then 4 :
for c ∈ V do 6: if b and c are connected then 7 :
end if 9: end for 10 :
end if 12: end for 13 : 14: end for matches two time series in a one-to-one correspondence with elements that are identical in location. In some cases, using it to determine the similarity of the two sequences may have a deviation, though the two sequences look similar. To solve the above problem, this paper uses the DTW technology [28] to evaluate the similarity between two nodes. The algorithm uses the dynamic programming method to align the time axis through dynamic regularization, makes each data point have the best alignment, concentrates on the shape of the time series, and eliminates the error caused by the unaligned sequence data, to obtain a smaller distance value. Many researchers [29] [30] [31] have noted that the effects of similarity measurement based on DTW distance are better than those based on Euclidean distance.
Let
} denote the two centrality sequences stored in any two nodes a, b, the local cost matrix of the two time series can be defined as follows:
Among them, the (m, n)th element of the matrix represents the squared distance between two elements, which is represented by
Let p (i, j) = {p 1 , p 2 , . . . , p k , . . . , p K } denote the curved path between the R a and R b , where
and satisfies the following constraints [32] : • Boundary conditions: p 1 (1, 1) and p K (M , N ).
• Monotonic conditions:
•
Step condition:
. Condition 1 makes the start and end points of the R a and R b curved path, corresponding to the first and last elements. Condition 2 preserves the chronological order of the elements in the sequence. Condition 3 limits the shifts in time of the curved path; that is, the next hop of the curved path cannot exceed the distance 1. Condition 3 also prevents two nodes from having too much difference in the ordering of the elements of the social importance sequence, which results in a decrease in the similarity of the social behavior between nodes.
The total cost of the curved path in the local cost matrix
The above process shows the DTW matching method for two time series and the cost definition rule. However, there are many warping paths that satisfy the above rules for time series R a and R b . The purpose of DTW is to find a warping path with the least cost, i.e., to find min(p (i, j)) that satisfies min K k=1 C ab (m k , n k ) . DTW uses dynamic programming to solve the optimal warping path problem, as shown in equation (4):
where m ∈ [1, M ], n ∈ [1, N ] and α is as follows.
The following takes nodes a and b as examples to describe in detail the process of judging the similarity of the social behavior between nodes. Assume that nodes a and b are in  contact with c, d, e, b, f and d, c, d , e, and g during the same Fig. 6 (1), the sum of squares between elements in the time series of two nodes is calculated according to equation (3), and the local cost matrix C ab of the two sequences is obtained. Second, calculate the DTW matrix of two sequences according to equation (4) . The detailed steps are summarized as follows.
(1) Calculate DTW (1, n) and DTW (m, 1), where m ∈
, R j (1) = 90; DTW (1, 2) = 9 + 0 = 9. Apply the above calculation rules to calculate all DTW (1, n) and DTW (m, 1) as shown in Fig. 7 (1). (3) Then select the smallest value among DTW (1, 1), DTW (1, 2), and DTW (2, 1) to calculate DTW (2, 2). Therefore, DTW (2, 2) = DTW (1, 1) + d R i (2), R j (2) = 45. According to the above process, all the remaining elements in the DTW matrix are calculated as shown in Fig. 7(2) . (4) After obtaining all the elements of the DTW matrix, the smallest matrix element is selected in turn from the upper right corner to the lower left corner of the matrix according to the step condition, and an optimal warping path is obtained as shown in Fig.7(3) .
(5) According to the warping path, the corresponding elements in the local cost matrix are added one by one to obtain the dynamic time warping path between R a and R b , i.e., 9+0+0+9+9+1=28, as shown in Fig. 6(2) .
The above operations illustrate the process for computing the social behavioral similarity with the time-bending distance. It is worth noting that the two nodes, a and b, have randomness due to their mobility. The nodes they contacted in the past may be the same or different. These conditions are fully reflected in the sequence of social importance of the two nodes. When a's and b's social importance sequence is identical or similar, this may be due to the higher degree of similarity between them or the nodes stored in their social sequences. Thus, the movement trajectories of the two nodes during the time period are similar. Therefore, the two nodes have closer social distances. In this case, the two-node social importance sequence has the smallest time-bending distance and the highest social behavior similarity and, thus, higher data forwarding efficiency between the two nodes. When the sequences of the degrees of a and b are completely different, the nodes encountered by a and b have lower similarity and do not belong to the same type of node. The distance between them may be large. In this case, the time warping distance of the two-node socially important sequence is the largest, the social similarity of the two nodes is the lowest, and the data forwarding efficiency is therefore low. Meanwhile, if two nodes a and b contact each other frequently, and the two nodes have different degrees of social importance, then according to the above social importance sequence updating method, their social importance sequences will be very different, as shown in Fig. 8(1) . The social importance of the two nodes is 1 and 6, and their social importance sequence is R a = {3, 6, 12, 6, 6} and R b = {10, 1, 4, 1, 1}. In this case, the degree of similarity of the social importance sequence of the two nodes is low, and the two nodes will not exchange the packets. This is not reasonable, because the data forwarding efficiency between two frequently contacted nodes is high, and if these nodes do not transmit data, the data transmission efficiency will be reduced. To solve the above problem, the following strategy will be taken. When a and b contact each other and calculate their similarity, their centrality value stored in opposite sequence will be changed to a random value. As shown in Fig. 8(2) , the centrality value of both is changed to 2. In this case, the time-bending distance calculated by the similarity judgment method described above is 45, which is much smaller than the value 92 calculated if not modified. As a result, the similarity between the nodes will be higher, and they will believe that they have higher data forwarding efficiency. if a and b are connected then 3: for the Ra(m) of any element in the list of social importance of node a do 4: if TTL exhaustion in Ra(m) then 5: Ra(m) is removed from Ra 6: end if 7: end for 8: if b has calculated its own social importance then 9: a gets the social importance of b and adds it to its own social importance 10: end if 11: if the social importance sequences Ra and Rb stored by a and b are not null then 12: a gets the social importance sequence Rb stored by b 13: a uses dynamic time warping DTW to calculate the time-bending distance min(p(a, b)) of Ra and Rb, and saves it in its own similarity list 14: end if 15: end if 16 : end for For any node in the mobile opportunistic network, a node similarity list is maintained for storing the similarities of the other nodes it comes into contact with. Taking an arbitrary node a as an example, when a contacts b, it calculates the similarity with b and stores the similarity value in its own similarity list. If there is already a value of b's similarity, the new value will replace the old value to ensure that the list of similarities is always up-to-date. The following shows the calculation process.
Lines 1-3 of the algorithm judge whether there are contact behaviors for nodes a and b. Lines 4-6 of the algorithm mainly describe the operation that node a deletes the older elements in the social importance list. Lines 8-10 of the algorithm describe that node a acquires the social importance of b. Lines 11-15 of the algorithm describe that node a acquires the centrality sequence of b and uses it to calculate the social behavior similarity between a and b. Lines 16 exits all loops and ends the algorithm.
E. DISTRIBUTED SOCIAL SIMILARITY-BASED ROUTING ALGORITHM
In terms of routing decision, the data packet is always forwarded to the relay node with the highest social similarity to its destination node. The following steps describe the operation process of SSR. The first line of the algorithm calculates the social importance of all nodes according to algorithm 1. Lines 3-5 of the algorithm calculate the social similarity between nodes according to algorithm 2. In lines 6-12, for any data packet p in a's buffer, if the similarity between b and its Calculate the similarity of the social behavior between nodes according to algorithm 2 5: end if 6: for any packet p in the buffer of a do 7: if b does not store p then 8: if b is more similar with p's destination than a then 9: a forwards p to b 10: end if 11: end if 12: end for 13: end for destination nodes is bigger than between a and its destination nodes, a forwards the p to b.
IV. EXPERIMENTAL RESULTS AND ANALYSIS
This part introduces the implementation of the SSR presented in this paper. The SSR is compared with the classical opportunistic routing algorithms PRoPHET [23] and the SimBet [7] , Geo Social [17] . We developed an opportunity network simulator based on Visual C++ 6.0, called MON-ICA, to evaluate the performance of the SSR [33] . In the simulation process, each source node generates data packets randomly, and the data packet selects its destination node randomly. Overall, 500 data packets are generated in the simulation process. The experimental scenario is as follows. The maximum communication distance between nodes is 25m. The node detects whether there are nodes that reach the contact conditions every 1s. The simulation time is 15000 s. The node's mobile model employs a real node-shifted dataset. The dataset originates from the Korea Advanced Institute of Science and Technology (KAIST), which records the trajectory of the daily activities of the crowd on the university campus. A total of 34 people participated in the data collection process. Each person held a GPS (global positioning system) to collect its daily trajectory for 92 days. The specific details of this dataset can be found in document [34] .
This article uses four indicators to evaluate the performance of the routing algorithm:
(1) Packet Delivery Ratio (PDR): The ratio between the number of packets to the destination and the total number of generated packets. The higher the PDR, the more packets are successfully transmitted to the target node in the network.
(2) Packet Transmission Delay (PTD): The average time required for all arriving packets in the network, from being generated to being transmitted to the destination node.
(3) Packet Delivery Copies (PDC): The average number of backups required to deliver a packet, that is, the ratio of the number of backups generated by all packets to the number of packets.
(4) Packet Delivery Hops (PDH): The average number of hops required for a packet to reach a destination node from the birth node. The lower the number of hops, the smaller the number of intermediate auxiliary nodes needed to forward messages, that is, the lower the demand for network resources.
A. EXPERIMENTAL RESULTS

1) THE EFFECT OF PARAMETERS ON THE SSR PERFORMANCE
We first analyze the impact of TTL on the SSR performance. As shown in Fig. 9. (1)-9.(4) (d=0.8), different TTL values result in different routing performance. But counterintuitively, it is not the bigger, the better. It is clear that the SSR achieves the highest delivery ratio, the smallest delay and the worst hop number when TTL=40 (the value used in the paper). Second, we experimentally show the results of the four metrics under different damping coefficient values in Fig. 10 (1)-10(4) (TTL=40). We observe that the SSR has a better performance tradeoff when d = 0.85 (the value used in the paper), where it achieves the better performance in PDR and delay, and has an intermediate performance in delivery hop and copy number.
In addition, we set the size of time series for the dynamic time warping algorithm to 10, 20, and 30 as examples to analyze their impact. As can be seen from Fig. 11.(1)-11.(4) , the larger the time series size is, the better the performance metrics in PDR and delay and the worse the number of hops and copies is. Therefore, in the paper, we employ all the simulation window time to achieve a tradeoff in the four performance metrics. Fig. 12 shows the comparison of the four algorithms in delivery rate, delivery delay, cost, and number of hops. For the delivery rate shown in Fig. 12(1) , SSR is higher than PRoPHET by approximately 0.05, higher than SimBet by approximately 0.1, and higher than Geo Social by approximately 0.3. At the beginning of the simulation time (that is, from 0-3500 seconds), the SSR delivery rate is slightly lower because during the initial implementation of the algorithm, the number of contacts between nodes is limited, resulting in an incomplete update of the content of the node's social importance list, and an incomplete content list may cause misjudgment of the social behavior similarity between nodes. However, as the social importance list is updated completely, the nodes can gradually and accurately determine the social behavior similarity between the nodes, and the data packets can be correctly guided into a more efficient path of forwarding efficiency.
2) COMPARISON OF FOUR ALGORITHM PERFORMANCE
For the packet transmission delay shown in Fig. 12(2) , in the initial period of the simulation time (0-3500 seconds), VOLUME 7, 2019 the SSR delay is slightly higher than SimBet by approximately 100 milliseconds and higher than Geo Social by approximately 120 milliseconds, and higher than PRoPHET by approximately 130 milliseconds. As the simulation time continues to increase, the latency indicator of SSR continues to decrease. At the end of the simulation time, the SSR latency is approximately 400 milliseconds below that of SimBet and approximately 800 milliseconds below that of PRoPHET, and almost the same as Geo Social. The reason is similar to that of the delivery rate index. In the early stage of the simulation, the content of the social importance list in the node is generally incompletely updated, resulting in inefficient delivery of the data packet, and it takes more time to deliver a data packet. As the contents of the social importance list are gradually updated and integrated, the delivery efficiency of the packets will increase, and the time taken to deliver the packet will decrease accordingly.
For the indicator of packet delivery hop count as shown in Fig. 12(3) , SSR is lower than PRoPHET, SimBet and Geo Social at the beginning of the simulation time, and the growth of SSR is much lower than those of PRoPHET, SimBet and Geo Social as the simulation time passes. At the end of the simulation time, SSR differs by approximately 10 hops in terms of hop count from PRoPHET by approximately 30 hops from Geo Social and by approximately 32 hops from SimBet.Because the SSR uses the social behavior similarity between nodes to guide the forwarding of data packets,the hop count is different. That is, in the SSR, the relay node of the data packet and the destination node of the data packet both tend to contact the same type (or the same part) of the nodes, and they have a higher chance of coming into direct contact with the same node. This will reduce the number of packet delivery hops between the packet's relay node and the destination node to approximately 2 hops, which in turn will reduce the average packet delivery hop count.
For the indicator packet transmission backup number, as shown in Fig. 12(4) , from the beginning of the simulation time, the SSR is lower than the PRoPHET by approximately 10 backups and is lower than the Geo-social by approximately 22 backups and is lower than the SimBet by approximately 45 backups. With the passage of simulation time, the gap between the SSR and the other algorithms gradually increased. By the end of the simulation time, SSR was lower than Geo-social with approximately 35 backups, was lower than PRoPHET with approximately 48 backups and was lower than SimBet with approximately 53 backups. The reason is similar to the hop count for packet delivery. In the multiple backup routing algorithm, once the packet forwarding condition is satisfied, the node will send the backup of the data packet to the node that it contacts. When the relay node of the data packet and the destination node of the data packet tend to contact the same type of node at the same time, the hop count distance between the data packet and the destination node will decrease substantially, thereby reducing the number of packet delivery backups. Because the delivery rate metric shows a positive correlation with the copy number metric, and that the delay metric has a negative correlation with it. A better routing algorithm attempts to make a balance between them, that is, if a routing algorithm achieves a higher delivery rate and a shorter delivery delay with a smaller copy numbers, we call it a good routing scheme. As shown in the Fig. 12 , the proposed SSR algorithm has a competitive performance in the delivery rate and delay, and achieves the best performance in the metrics of copy number and hop count. To clearly illustrate the relationship between the metrics, we here plot the gain per copy in delivery rate. As shown in in Fig. 13 , SSR has overwhelming advantage compared with the other three algorithms.
V. CONCLUSIONS
To study the influence of social behavior similarity between nodes on packet forwarding, this paper proposes a distributed social similarity-based routing algorithm. First, each node uses PeopleRank to calculate its social importance in the network. Second, the node records the social importance of its encounters in chronological order as a social importance sequence and represents the sequence as its own social behavior. Further, whenever the two nodes are in contact, a dynamic time warping algorithm (DTW) is used to determine the similarity of the social importance sequences of the two nodes. Finally, when the route is forwarded, the data packet is always forwarded to the relay node whose social behavior is most similar to its destination node to guarantee the delivery efficiency of the data packet. Simulation results show that compared with the traditional opportunistic routing algorithm and social routing, SSR can significantly improve the data packet delivery rate and reduce the delivery delay, cost and hop count. The final experimental results prove the effectiveness of SSR. Future work will consider the buffer management strategy to further optimize the performance of the algorithm based on different scenarios. XIAOXIAO PANG was born in Anyang, Henan, in 1993. She is currently pursuing the Ph.D. degree with Henan Normal University. Her research interest includes mobile opportunistic networks.
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